The recent and rapid spread in the Mediterranean Basin of bluetongue, a viral disease of ruminants transmitted by some species of Culicoides (biting midges), highlights the necessity of determining the conditions of its emergence. This study uses high spatial resolution satellite imagery and methods from landscape ecology science to identify environmental parameters related to bluetongue occurrence in Corsica, a French Mediterranean island where the disease occurred for the first time in 2000. A set of environmental variables recorded in the neighborhood of 80 sheep farms were related to case occurrence through a logistic regression model computed within three subsequent buffer distances of 0.5, 1 and 2 km. The results reveal the role of landscape metrics, particularly those characterizing land-use units such as prairies and woodlands, as well as farm type, latitude and sunshine to explain the presence of bluetongue. Internal and external validation both indicate that the best results are obtained with the 1 km buffer size model (area under Receiver Operating Characteristic curve = 0.9 for internal validation and 0.81 for external validation). The results show that high spatial resolution remote sensing (i.e. 10 m pixels) and landscape ecology approaches contribute to improving the understanding of bluetongue epidemiology.
INTRODUCTION
Bluetongue (BT) is a vector-borne disease which affects ruminants, with high severity for sheep. BT is recorded in the list of diseases with mandatory notification to the World Organisation for Ani-midges of the Culicoides genus (Diptera: Ceratopogonidae). Until recently Europe was BT-free, although incursions did occur at intervals. Since 1998, in Europe, the circulation of six different BTV serotypes have caused the most severe outbreaks of BT on record [25] . In Western Europe, the first cases of BT were detected in August 2000 in the Italian island of Sardinia [12] . The virus was then rapidly detected in the nearby island of Sicily, the mainland of Italy, the French island of Corsica, and the Spanish islands of Menorca and Mallorca (October 2000) [25] . In the western part of the Mediterranean basin, climate changes could have contributed to this spread through the northward expansion of the main Afro-Asian BT vector, Culicoides imicola [39] . In Corsica, C. imicola was first detected in October 2000 [20] a few weeks before BT outbreaks occurred. An entomological surveillance network implemented from 2002 onwards has confirmed that this vector is now well established throughout the island [2] . BTV circulation has been detected every year since its introduction in 2000. More knowledge is needed to understand the conditions of BT emergence in Corsica, the first step being to better define the risk zones.
To identify the areas at risk for bluetongue, several models predicting BT vector distribution have been developed using climatic data [14, 50] and low spatial resolution remote sensing data [3-7, 38, 46] . Low spatial resolution satellite sensors can provide surrogates of meteorological data through specific channel values or the calculation of indices related to temperature, humidity and vegetation. These methods have been developed for different vectorborne diseases [8, 41, 42] and take benefit from the area-wide availability of the data and their repetitiveness over time. The accuracy of these predictions on the presence/absence or abundance of C. imicola is variable (from R 2 = 0.53 [3, 4] to kappa = 0.91 [46] ): understandably, they are more accurate in the regions from which entomological training data sets come from. Predictions from the only model taking into account Corsican entomological data are in good agreement with the observed vector distribution at the low spatial resolution of the study 2 . Nevertheless, to reveal local contrasts in distribution patterns of BT, additional fine scale analyses are necessary [37] .
High spatial resolution approaches can both take benefit from knowledge on vector and disease ecology and landscape bionomics [19] , and help acquire additional knowledge on vector ecology when only limited field information is available, as is still the case for C. imicola. Using such approaches, the environmental landscapes favorable or unfavorable to vectors and to the diseases they carry can be identified. To characterize these landscapes, a wide variety of metrics referring to complementary aspects of vector or host ecology are available. These metrics quantify the composition of the mosaic (patch type, abundance, diversity, etc.) or its structure (shape, edge, neighbors, etc.). Applications of landscape ecology include different diseases such as trypanosomiasis [10, 18] and Lyme disease [22, 27, 28, 40] . Such applications to vectors and vector-borne diseases have been reviewed by Kitron [29] .
The aim of this study was to characterize favorable landscapes for BT occurrence in southern Corsica. We test the hypothesis that BT outbreaks in southern Corsica are not distributed randomly but can be explained by landscape elements detected at fine spatial remote sensing resolutions and by farm characteristics. To identify potential landscape risk factors, the environment surrounding BT-free and BT-infected sheep farms is described using a high spatial resolution SPOT (Satellite pour l'Observation de la Terre) image and a digital elevation model (DEM). The satellite image of southern Corsica was classified to obtain a land cover map that was used in a landscape analysis to characterize the spatial structure of the mosaic of vegetation patches. Statistical models of BT occurrence were created and their accuracy was assessed.
MATERIALS AND METHODS

Localization of farms and disease outbreaks
The study was restricted to the farms under the charge of one of the governmental veterinary assistants of southern Corsica. With his help, the farms under his responsibility were georeferenced in a Geographical Information System (GIS) using ESRI ArcGis TM (Redlands, CA, USA), their official identification number recorded and species bred listed. Amongst these livestock farms, only those including sheep holdings were selected (n = 80, referred to as sheep farms). Two types of farming systems were recorded in the sheep farms: one with only sheep holdings (referred to as monospecific sheep farms), and the second with sheep and other livestock (cattle and/or goats, referred to as mixed farms). The official declaration of BT occurrence by French veterinary services was based on detection of BTV by RT-PCR in clinically suspected sheep by the national reference laboratory. BT infected farms were defined as farms in which at least one BT outbreak (whatever the serotype) had been officially declared between 2000 and 2003 (n = 46). All other sheep farms for which no BT outbreaks had been officially declared were considered BT-free (n = 34).
Remote sensing derived environmental data
To characterize the environment in the neighborhood of the 80 sheep farms, buffer zones were defined around each farm. The active flight range of C. imicola was not precisely described, but referring to other Culicoides species [30] , it should range between a few hundred meters and a few kilometers. Therefore, three sizes of buffer zones were tested: 0.5, 1 and 2 km in radius. Since knowledge on the bio-ecology of C. imicola is limited, a wide range of environmental data, derived from a DEM and from a high spatial resolution SPOT satellite image, were tested.
Environmental data derived from the DEM
The DEM of Corsica was provided by the IGN (Institut Géographique National); its pixel size is 50 m. Five variables were extracted from the DEM, namely altitude (mean in the buffer), slope (mean in the buffer), a sunshine index (mean and standard deviation in the buffer), and aspect (modal class). The sunshine index was calculated according to the sun's position on the 30th of June 2001 at 16 h GMT (ENVI software, ITT, CO, USA). This index varied between 0 and 1 and can be considered as an indicator of temperature and humidity. The aspect was measured clockwise in degrees with 0 = 360
• facing north and 180
• facing south. It was classified in three equal classes: one with a southern exposure facing Sardinia (130-250
• ), and two others facing north-east • ) and north-west (250-10
• ), to test if areas facing Sardinia (the closest infected area) could be more at risk than the others. Finally, hydrographical data were used to quantify the length of the rivers flowing through the buffer zones. 
Environmental data derived from the SPOT image
Data on vegetation coverage were extracted from a SPOT 4 satellite image (pixel of 10 m) acquired on the 6th of June 2001. SPOT 4 images include 4 channels in the green, red, near infrared (NIR) and middle infrared (MIR) portions of the spectrum.
NDVI
The NDVI, a standardized vegetation index [49] , was calculated for this image. Minimum, maximum, mean, and standard deviation values in the buffer were extracted. The image was also used to produce a land-cover classification.
Land-cover map
A land-cover map was obtained by carrying out a supervised object-oriented classification (eCognition TM software, Definiens-imaging, Munich, Germany). In object-oriented approaches, the image is first segmented into homogeneous polygons, so-called objects. A supervised classification then allocates the objects to pre-defined land-cover classes in three key stages [16] . The first stage was the acquisition and characterization of training sites; more than 180 sites of known land cover, identified in the field with a GPS (Global Positioning System) receiver, are geolocated on the satellite image and the features of the respective objects were used as a training set. At the second stage, a standard nearest neighbor classification algorithm was used to allocate each object, according to its features, to the most similar land-cover class. In this way, a thematic classification was produced. A major advantage of classifying objects rather than pixels is the fact that features such as topology (i.e. relations to the neighboring objects), shape, texture, and a wider range of statistics on spectral signatures can be used to characterize the objects [9] . In all, 49 features were used to classify the image. During the last stage, the accuracy of the obtained classification was evaluated using a new set of training data, i.e. ground-truth data, coming from more than 210 sites. In a confusion matrix, the allocated land-cover class of the new set of objects is compared to the observed land-cover class.
Landscape metrics
A landscape analysis was conducted on the land-cover map to characterize its spatial structure. In this study, being the first in the field to link landscape metrics and Culicoides, a wide range of landscape metrics were chosen, including area-density-edge, diversity, isolation-proximity and connectivity. Using the Fragstats freeware 3 , metrics were calculated at two levels: one for each land-cover class found in a buffer (class-level metrics) and the other for the whole landscape, i.e. for the entire buffer regardless of the class (buffer-level metrics). The description of the selected metrics is provided in Table I .
Statistical analysis
Univariate analysis
As a first step, a descriptive analysis (including a Pearson correlation matrix) was performed for all the variables. The quantitative variables were tested both as quantitative and, after coding in classes, as qualitative variables. They were kept as quantitative variables whenever possible, and were coded in terciles (or in presence/absence if more relevant) when necessary to accommodate for non-monotonic 3 
Multivariate analysis
One of the main purposes of multivariate logistic regression is to examine the role of explanatory variables, having adjusted for other variables [17] . Much caution was taken to examine the effects of correlations on variable selection at all steps of the process. The variables were first gathered in five thematic groups (topography, land-use units, buffer-level landscape metrics, class-level number of patches and class-level landscape shape indexes). Variables of each theme that were significant in the multivariate analysis with a 0.10 p-value were next tested with the significant variables of the other themes. The entire process was repeated for each buffer size, thus producing one logistic model for each buffer size (Systat software, SSI, CA, USA).
Autocorrelation
In spatial data sets, observations that are close in space tend to be more similar than observations that are far apart, i.e. data are spatially correlated. Underlying logistic regression techniques are the two basic assumptions that the residuals of the model are independently and identically distributed. If the data are spatially correlated and the predictor variables do not take this autocorrelation into account, the residuals of the model will be spatially autocorrelated, and the statistical link between the predictor variables and the predicted variable may be over-estimated [48] . A Monte Carlo test based on the variogram was used to check for evidence of spatial correlation of residuals 4 . This test consists in comparing the observed variogram with variogram "envelopes" computed by simulating permutations of the data values across locations. This test was carried out with the R freeware 5 (geoR and geoRglm packages).
Internal accuracy assessment
The models were first validated internally, i.e. on the same data set of 80 farms of southern Corsica. The predictive accuracy of the models was assessed using the ROC (Receiver Operating Characteristic) curve method [32, 36] . The area under curve (AUC) of the ROC curve, its 95% confidence interval and the sensitivity and specificity (cut-off point 0.5) of the models were calculated to evaluate the quality of the models. The greater the AUC, the more discriminating the model is and the closer the predictions are to the observed data.
External accuracy assessment
The models were validated externally, i.e. on new environmental and epidemiological data sets. A SPOT image of the Ajaccio region (Corsica, France), situated north of the first study area, was classified using the same methods and land-cover classes. The variables selected in the models were extracted and the risk probability was calculated and compared to the official disease status of sheep farms located in the Ajaccio region. When more than 25% of the buffer zone surrounding a farm fell outside the satellite image, the farm was excluded, thus the number of farms included varied from 130 farms with the 2 km buffer to 151 farms with the 0.5 km buffer. Similar to the internal validation, external validation relied on the AUC of the ROC curve. 
RESULTS
Farm characteristics
The locations of the BT-infected (n = 46) and BT-free (n = 34) farms are presented in Figure 1 . The absence of farms in the central part of the island is due to a high mountain range (1400 m above sea level), with all farms being located under 800 m. Seven farms were monospecific sheep farms and 73 were mixed farms. 
Land-cover maps
Nine land-cover classes were defined, namely low shrublands, woodlands (including forests and maquis, a typical Mediterranean association of dense shrubs and trees), pine trees, open prairies, prairies with tree cover, cultivated land, marshes, impervious surface and water. The confusion matrixes revealed that the overall accuracies of the classifications were fair (71%) for southern Corsica and very good (90%) for the Ajaccio region.
Selected variables in the models
The variables included in each of the three buffer-specific models as well as their contribution are detailed in Table II . All three models include landscape metrics, three environmental variables are common to at least two models and six others are included in only one model.
-The three models include the type of farm as a predictive variable. The high odds ratio values and large confidence intervals reflect the sampling imbalance of BT infection in monospecific sheep farms (1 out of 7, 14%) and in mixed farms (45/73, 62%).
-Latitude and mean sunshine are selected in two models, the southernmost farms or those with the least sunshine being at higher risk.
-The 1 km buffer size model includes the landscape shape index (LSI) of 3 landcover classes (impervious surfaces, open prairies and woodlands). The LSI is related to the length of the edges.
-Finally, other metrics such as the patch richness density, the presence of low shrublands and the number of patches of open prairies are selected in the 0.5, 1 and 2 km buffer size models respectively.
-High LSI (important length of edges) and high numbers of patches of open prairies are both associated with higher risk in the 1 and 2 km buffer size models, respectively.
-Neither isolation-proximity nor connectivity metrics was selected by the models.
Validation results
The results of the internal and external validation are presented in Table III. The three models have a good (0.80 < AUC < 0.9) or a high (AUC > 0.9) accuracy (1 km buffer size model). The 1 km buffer size model has the best compromise between sensitivity and specificity (85% in both cases), while the other two models have slightly better values of sensitivity (87%) but far worse values of specificity (62 and 68%).
The 1 km buffer size model was also the best model when tested with a new data set (external validation) since it has a good accuracy (AUC of the ROC curve = 0.81) whereas the 0.5 and 2 km buffer size models have a fair accuracy (0.7 < AUC < 0.8). Figure 2 shows the distribution of BTinfected and BT-free farms as predicted by the 1 km buffer size model for southern Corsica. True positives (n = 39) and true negatives (n = 29) are farms whose status was correctly predicted (BT-infected and BT-free respectively). False positives (n = 5) are farms which are BT-free but were predicted BT-infected and false negatives (n = 7) are farms which are BTinfected but were predicted BT-free.
The residuals of the 1 km buffer size model were not spatially autocorrelated, reflecting the fact that the spatial interactions (if any) had already been taken into account in the model. The map (Fig. 2) shows that the farms that were wrongly predicted as infected (false positives) or disease-free (false negatives) do not cluster in particular areas of southern Corsica. 
DISCUSSION
Landscape metrics
Our results suggest that landscape components may be important in defining favorable environments for BT since there are significant statistical associations between landscape metrics and BT risk, regardless of the buffer scale considered. With a few exceptions [22, 26] , in most landscape ecology studies one type of metrics, namely the percentage of land surface, is explored since it is the simplest metric and can easily be extracted from GIS software (such as the Spatial Analyst extension of ArcView, for example).
Although Fragstats is a free and simple software, more complex landscape metrics (such as LSI, PRD, connectance, etc.) are still rarely used even if they have proven to be very useful in characterizing subtle ecological aspects of transmission, as in the case of Lyme disease [22] . This study shows that landscape approaches can also be useful when little is known about the vector's ecology.
Buffer scales
Three sizes of buffer zones were tested since active flight range of C. imicola is not precisely known. The results show that different variables are selected according to the buffer scale chosen, although these variations may be in part amplified by the small number of farms included. Since environmental factors seem to have an influence at the 3 buffer scales chosen, testing a wider range of buffer scales would be necessary to determine within what range of buffer sizes there is an influence of the neighbouring environment on BT risk. Since the 1 km buffer size model appeared to be the most discriminating, we chose to focus the discussion on the significant (p < 0.1) variables of this model.
Reservoir species
The results show that whatever the buffer scale considered, mixed farms seem to be more at risk than monospecific sheep farms (where only sheep are bred). Some authors have suggested that cattle may be more attractive to Culicoides than sheep and thus may serve to protect sheep from infection by drawing the insects to themselves [21, 31] . Our results seem to indicate the opposite, although, as previously stated, because of the imbalance between mixed and monospecific sheep farm groups, the results should be interpreted with much caution. If these results are confirmed, one hypothesis may be that cattle and goats, known reservoirs of BT virus [21, 31] , may have a more important role as reservoirs rather than just as feeding hosts in the epidemiology of the disease.
Low shrublands and latitude: a source-point effect
Latitude was a key variable selected in the 0.5 and 2 km buffer size models. While not selected in the 1 km buffer size model, latitude may be indirectly present since the correlated low shrublands unit (correlation coefficient: -0.6) that is preferentially distributed in the southernmost part of Corsica, is selected in the model. This importance of latitude probably reflects a distance to a disease source-point, i.e. the distance to Sardinia. Since introduction of ruminants from BT-infected areas like Sardinia was prohibited two months before first Corsican outbreaks, the risk of incoming viremic animals can be considered minor [24] . This finding supports the hypothesis that there are regular invasions of infected midges from Sardinia to Corsica. Indeed, the French and Italian BT-surveillance networks have shown that the first outbreaks due to BTV2 in 2000 and BTV4 in 2003 in Corsica were preceded by outbreaks of the same serotype in Sardinia 6 [23] . Since Culicoides can be passively transported by winds over hundreds of kilometers [11, 44, 45] , the 12 km of sea between Corsica and Sardinia could have been easily crossed. Furthermore, weather conditions and wind patterns were shown to be favorable for transportation of BTV4 infected midges in 2003 [24] .
Sunshine and lack of humidity
Mean sunshine was negatively associated with BT risk. This may seem rather surprising since C. imicola is a tropical midge whose northern limit in cooler European regions is linked to temperature [39] . Since sunshine was estimated for a summer afternoon, the minimal temperatures required for C. imicola are surpassed (the mean monthly temperature in June in southern Corsica is 19
• C). One hypothesis could be that the limiting factor is the lack of humidity rather than temperature.
The importance of edge metrics
High values of lengths of edges (LSI) of woodlands, open prairies and impervious surfaces are associated with high BT risk. This shows that it may be more important to consider the fragmentation of the environment rather than the percentage of surface covered by a land-cover class. It is interesting to note that the percentage of surface and the LSI are not always positively correlated and may even be negatively correlated, as in the case of woodlands. Edges and borders may be important for disease transmission by several means such as by providing meeting points between hosts and vectors, or by providing landscapes where essential elements of a habitat are closely intricate.
The results suggest that fragmented landscapes containing woodlands and prairies are linked with BT risk. More thorough knowledge on the life history traits of C. imicola is necessary to determine whether edges of woodlands are important because they offer resting sites for C. imicola, or whether landscapes containing large compact surfaces of woodlands with small lengths of edges characterize farms which are more isolated, with big patches of woodlands acting like a barrier for C. imicola. These results show that until then, the links with environmental characteristics must be explored with caution, using simple metrics, assessing their robustness in different study areas and must be completed with complementary entomological field studies.
Combining high and low spatial resolution approaches
This study shows that the scope of satellite imagery to model vector-borne diseases is very wide; at low spatial and high temporal resolutions, climatic surrogates can be extracted [3-7, 38, 46] , and at finer spatial resolutions, landscape approaches can help untangle the interplay between vector-borne diseases and their environment and support entomological and epidemiological field studies. While the use of local scale approaches is still limited, it will hopefully be promoted in the future, taking benefit of the increasing development of sensors. The aims of both approaches are then different but highly complementary; a key issue now is to establish a link between the two and combine them to describe both climatic and landscape conditions of occurrence of diseases.
Conclusion
An innovative ecological high spatial resolution approach was carried out to model the occurrence of BT in southern Corsica. Since little is known on the ecology of C. imicola, many precautions were taken; several sizes of neighborhoods were tested, the best model being chosen according to internal and external validation criteria. The results highlight the importance of landscape features (especially edge metrics), farm types, and reveal the 'source point effect' of Sardinia. The method presented here is relatively flexible, and new environmental characteristics (such as pedological information [15] ) can easily be taken into account if necessary. Before these results can be used to help identify future hotspots outside Corsica which could aid the management of the disease, it is necessary to locally adapt the model to take into consideration prevailing ecological and environmental conditions, especially if different Culicoides species are involved, as in southern [13, 43] , eastern [35] and recent outbreaks of northern Europe [47] . Such an approach will be adapted to the Var, a French region where C. imicola is present but not the virus, to help focus the trapping sites of the entomological surveillance system in the areas where BT risk is the greatest.
As a first approach, the models presented here were based on easily accessible epidemiological data, i.e. official BT outbreaks. Since disease-based models suffer from several limitations (a major one being a looser link with environmental conditions), a similar analysis (same spatial resolution, buffer scales, variables and study area) will be developed using entomological data coming from an extensive Culicoides trapping campaign. This will help to determine whether models based on more costly and labor intensive Culicoides collections [33, 34] outperform disease-based models.
